Introduction
Count data models have become increasingly popular in many fields of empirical economics and other social sciences; see, for example, Cameron and Trivedi (1998) , Wooldridge (2002, Chapter 19) , Winkelmann (2003) , or Cameron and Trivedi (2005, Chapter 20) . Applications include, for example, studies in transportation (on the number of accidents or trips), demography (on the number of births), health economics (on the number of doctor visits or hospital stays), industrial organization (on the number of patents), marketing (on the number of products purchased) and labor economics (on the number of job market transitions, for example). Models for cross-section data range from the standard Poisson model to models allowing for overdispersion such as the negative binomial model, and hurdle models or zero inflated models that account for unusually large numbers of zero outcomes (see, e.g., Lambert 1992) . Our focus here is on the latter type of models.
Count outcomes are particularly common in many medical and public health studies explaining the use of specific types of health care, with data that often present a large number of zeros. In order to adjust for extra zero counts, and to avoid biased parameter estimates and misleading inferences, various modifications of the Poisson regression model have been proposed.
There are mainly two streams of literature. The first considers utilization of health care as a two-part decision making process (hurdle models; see, e.g., Mullahy, 1986 or Pohlmeier and Ulrich, 1995) and distinguishes between users and non-users; this model has essentially two equations: one explaining whether the count is zero or positive, and another one determining the count if it is positive. The second approach considers individuals belonging to latent classes and distinguishes between low frequency and high frequency users (finite mixture negative binomial models; see Deb and Trivedi, 1997) . Trivedi (1997, 2002) argue that the distinction between low and high frequency users of health care is a better approach, and this has been supported by the subsequent literature (see, for example, Deb and Holmes 2000) . In some applications, and given different distributional assumptions on the traditional hurdle model (for example Jimenez-Martin et al., 2002, 1 and Bago D'Uva, 2006) , it has been found that the hurdle model performs better than the finite mixture models. On the other hand, Winkelmann (2004) found that the finite mixture approach outperforms the traditional hurdle model, unless in the latter different distributional assumptions are made than the standard assumptions.
Since the seminal article of Hausman et al. (1984) , many studies have also used panel data models for count data, such as the (static or dynamic) fixedeffects Poisson and negative binomial models and a random effects version of the (static) zero-inflated Poisson model (Crepon and Duguet 1997; . Fixed-effects models are more flexible than random effects models and are often found to outperform the corresponding random effects models in empirical studies. To the best of our knowledge, there are no existing studies that use a fixed-effects version of the (static) zero-inflated Poisson model. This study fills this gap and allows for fixed effects in both equations of the zero-inflated Poisson model. We show that the zero inflated Poisson model with fixed-effects can be estimated in a similar way as the fixed-effects logit model or fixed-effects Poisson and negative binomial models. We then apply this model to analyze three types of health care service utilization using micro level data from the first two waves (2004 and 2006) of the Survey of Health, Ageing and Retirement in Europe (SHARE), covering individuals of age 50 and older and their spouses in 11 European countries (see Börsch-Supan and Jürges, 2005) . We compare our zero inflated Poisson model with fixed-effects (ZIP FE) with the Poisson (P) and the negative binomial (NB) model, in order to determine which model better fits the data. We conclude that ZIP FE outperforms existing panel data models for count data and therefore represents an interesting alternative to other panel data models for count data with excess zeros.
The remainder of the paper is organized as follows: Section 2 describes frequently applied count data models for panel data and introduces the zero inflated model (ZIP) and its extension with fixed-effects for panel data (ZIP FE). Section 3 presents the data that we use for the application. Section 4 presents the estimation results and compares our model with competing models for count data. Section 5 concludes. (or cross-section unit) i in time period t, given (strictly exogenous) regressors X it and an individual effect α i , is a Poisson distribution with parameter µ it :
where
Here β is a vector of unknown parameters to be estimated. In the fixedeffects version of the model, no assumptions are made on α i and they are treated as unknown nuisance parameters. In the random effects version, it is assumed that the α i are independent of all X it and follow a specific distribution, usually a Gamma distribution (with a mean normalized to one). Finally, the pooled version of the model treats the panel data set as a cross-section, assuming α i = 0 for all i.
The Poisson model has the properties
It therefore assumes that data are "equidispersed": the conditional variance is equal to the conditional mean. In practice, it is often found that this assumption is too restrictive, and the data are better described by a model allowing for "overdispersion", that is a variance that is larger than the mean.
The most common model allowing for overdispersion is the negative binomial model (NB). The NB model accounts for overdispersion through an additional parameter θ i ≥ 0 (assumed constant over time for a given indi-vidual), replacing the distributional assumptions by:
for y = 0, 1, 2, . . . .
In the NB model, we have:
The parameter θ i therefore reflects overdispersion. The NB model can be We use the parametrization of the NB model defined by Hausman et al. (1984) . 1 :
This specification has the advantage that it can be estimated using conditional maximum likelihood, in a similar way as the Poisson model with fixed effects: Since, for a given individual i, the Y it are assumed to be independent over time, it can be shown that t Y it has a NB distribution with parameters θ i and θ i t λ it . The conditional likelihood contribution of individual i given the total count t Y it is then given by:
Note that the individual specific nuisance parameter θ i does not appear in this conditional likelihood, like α i in the fixed effects Poisson model. Standard numerical maximization routines can be applied to maximize the conditional likelihood and obtain the conditional fixed-effects estimator, and are implemented in several econometric packages (e.g. Stata). 2 1 See also Allison and Waterman (2002) or Cameron and Trivedi (1998) 2 Allison and Waterman (2002) emphasize that this model is not a common fixed-effects
Zero-inflated Poisson Model
It often happens that the data are characterized by a larger frequency of extra zeros than a P model or an NB model predicts, and that whether or not the outcome is zero is driven by different factors than the mean of the positive outcomes. A popular approach to account for these features of the data is the zero inflated Poisson regression model (ZIP; Lambert 1992) . One way to present the ZIP distribution is as a mixture of the Poisson distribution (with probability p) and a degenerate distribution with point mass one at zero (with probability (1−p); see Johnson et al. 1992 , or Lambert 1992 . For a Poisson distribution with parameter µ, this gives the following probability mass function:
Here 0 <p ≤ 1. The Poisson distribution is the special case withp = 1. If p < 1, the distribution has a larger probability of zero outcomes than the corresponding Poisson distribution. It is easy to show that the mean and variance of this distribution are given by:
Thus the ZIP model also incorporates (a special form of) overdispersion: for p < 1, the variance is larger than the mean.
A problem with the ZIP distribution written in this way is that there are two types of zeros: the extra zeros, and the zeros from the Poisson model.
This makes it hard to say something aboutp without also estimating µ. This problem can be avoided by writing the ZIP distribution in an alternative way -as a mixture of a truncated Poisson distribution (with parameter µ) and a degenerate distribution with all its mass at zero, with weights p =p[1 − P o(0; µ)] and 1 − p (see, e.g., Lee et al., 2002) :
model in the sense that the individual effects and the covariates do not enter in exactly the same way; in particular, they influence the conditional variance in different manners; see Rabe-Hesketh and Skrondal (2008) . As a consequence, it is possible in this model to estimate the coefficients of time invariant regressors.
The probability mass function of this distribution can also be written as:
This parametrization has the advantage that 1 − p is simply the probability of outcome zero, while µ is now the parameter of the truncated Poisson distribution describing the non-zero outcomes. As a consequence, and as will be demonstrated below, it is more convenient to take this parametrization as the starting point of the econometric model than to take the parametrization withp.
To obtain the (static) zero inflated panel data model, we specify p and µ for each observation (i, t) as follows:
We consider the fixed-effects version of the model -making no assumptions on the individual effects α Starting from the truncated Poisson distribution with probabilities
with
and using that outcomes in the two time periods are conditionally independent given X it (and α µ i ), it can be easily shown that the conditional likelihood contribution for an observation i with y i1 = k > 0 and y i2 = w −k > 0, conditional on X i1 , X i2 , α µ i , y i1 + y i2 = w, y i1 > 0, and y i2 > 0, is given by:
With
, this can also be written as
The important thing here is that this expression no longer depends on α µ i : as in the FE-Poisson model (see Hausman et al. 1984 , for example), 3 As always in fixed-effects models, only time varying regressors can be included. only involves maximization over β µ and will be consistent for β µ .
The actual estimation can be done using maximum likelihood routines in Stata (see Gould et al. 2006) . The syntax for the conditional likelihood to estimate β µ is given in the Appendix (in Stata • DOCT: "Since last year, about how many times in total have you seen or talked to a medical doctor about your health? Please exclude dentist visits and hospital stays, but include emergency room or outpatient clinic visits." (0,. . . ,98).
• GP: "How many of these contacts were with a general practitioner or with a doctor at your health care center?" (0,. . . ,98). Table 1 shows how the dependent and independent variables used in our analysis are defined. As independent variables, we use individual characteristics that are commonly considered to explain the demand for health care (see, for example, Lee and Kobayashi, 2001 Table 2 shows summary statistics of our estimation sample for each of the two waves. The changes in the means from wave 1 to wave 2 are all in line with the notion that respondents in this balanced sample are older and less healthy in wave 2 than in wave 1. In the second wave, they are more often retired and less often employed, have lower income, are more likely to have lost their spouse, more often have health problems, and more often visit a doctor than in the first wave. In all cases, the three outcome variables DOCT, GP, and SPOUTER, present evidence of strong overdispersion, with the unconditional variance being much larger than the mean, something that would not be captured by standard Poisson models for each cross-section, as discussed in Section 2. Table 3 and Figure 1 show the distribution of the three outcome variables. The maximum number of consultations is 98 for each of the three services. This is the maximum number that can be reported; respondents with more than 98 visits are also coded as 98. It can be seen that, especially for SPOUTER visits, there is a large number of zeros, with more than 50% of the respondents reporting zero visits in both waves. For DOCT and GP visits the distribution is less skewed than for the SPOUTER distribution, but still, a large number of zeros is found in both cases (almost 15% and 20% of zero counts, respectively). The fraction of zeros is always much larger than the fraction implied by a Poisson distribution with parameter equal to the total sample mean in Table 2 , suggesting that there may be a separate process underlying the first contact decision, which is different from the second stage process determining the number of visits once the contact has been made.
In this situation of highly overdispersed data and a large frequency of extra zeros in the distribution, the traditional count data models, such as the P and the NB, may not be appropriate to fit the health care utilization data, and their zero-inflated variants may be more appropriate. On the other hand, overdispersion and zeros can also be explained by individual effects, and the extent to which they do is not something that can be derived directly from the raw data. The next section will address this by comparing the estimates of various panel data models, focusing on the ZIP FE model introduced in Section 2.
Application to Health Care Utilization Data: Results
This section presents the estimation results for several cross-section and panel data versions (pooled, random effects, and fixed-effects) of the P and the NB model, and for the ZIP FE model introduced in Section 2. All models use the same estimation sample of 34,350 observations (the balanced panel of 17,175 individuals observed twice) described in the previous section.
Poisson and Negative Binomial Models
Tables 4, 5, and 6 show the estimation results for the three types of health care services that we consider. The models used in these tables have all been presented in Section 2.
It is interesting to compare the results for the panel data models to the results for the P and NB with pooled data both for the estimates obtained and Windmeijer and Santos da Silva find significantly negative effects in the UK. In the pooled and the random effects NB model for GP visits, however, logincome is not significant, and also in the RE Poisson model, the effect of income is much smaller than according to the fixed effects models. This suggests that individual effects are negatively correlated with log income, leading to a negative bias in the Pooled and RE estimates: the same unobserved characteristics that raise income also make respondents less likely to visit a GP. The opposite is found for specialist and outpatient visits, where the income effect in the pooled and random effects models is substantially larger than in the fixed effects models. According to the FE models, the elasticities of the expected number of visits are rather small: between 0.020 and 0.024 for all three types of treatments.
According to most models, employed respondents use significantly less health care than retired and other non-employed respondents, and the retired use less care than other non-employed respondents (the benchmark).
These differences are typically much larger according to the pooled and random effects models than according to the fixed effects models, particularly the fixed effects NB model where retired and other non-employed are not significantly different.
Marital status (MSTAT2) also changes sign. It has a negative and often significant effect in the pooled and in most random effects specifications, but becomes significantly positive in three of the six fixed effects specifications (and in one of the RE models). This might suggest that individual effects are negatively correlated with being married, but the differences between the various RE estimates and between the various FE estimates suggest that other types of misspecification also lead to biases.
The estimated coefficients of the health variables have the same sign and significance in the three models, always showing that health problems lead to more use of health care facilities, as expected. Education (which is time invariant and therefore not included in the fixed effects models) has no significant relation with doctor visits, has a negative association with GP visits effect, and a positive association with specialist and outpatient visits. Age is not time invariant but the time variation in age is perfectly correlated with the wave dummy, so that age cannot be included in the FE models either. According to the RE models visits to the GP increase but 13 specialist and outpatient visits fall with age. The wave dummies are always significantly positive in the FE models (and also in most pooled and most RE models), but in the FE models, due to the same collinearity, we cannot say whether this is a time effect or a genuine age effects.
Finally, the tables show that in the NB model the overdispersion parameter θ is particularly large in the SPOUTER visits case, where the difference between the variance and the mean was the largest (see Table 2 ).
Tables 7 presents the model selection tests. To assess which model between P and NB (random effects) performs better, the significance of the θ parameter can be tested by a likelihood ratio test (since the two models are nested), with H 0 : θ = 0 versus H 1 : θ = 0. For all three health care services analyzed, θ is significantly different from zero, implying that NB is preferred over P. We use a Hausman test to choose between random and fixed-effects models (for both P and NB and for all three health care services). The Hausman test tests the null hypothesis that the random effects assumptions on the individual effects are valid, against the fixed-effects alternative without assumptions on the individual effects. The small p-values in the table indicate that random effects models are rejected against the corresponding fixed-effects models in all cases, implying that fixed-effects models are always preferred. Table 1 ) finds a significant positive effect of log income on the probability of at least one outpatient visit, and a marginally significant positive effect on the expected number of outpatient visits. Two of these four findings are in line with our findings. Of course there may be various reasons for the differences, not only the fixed effects nature of our model, but also the difference in age group considered or the country considered.
ZIP FE
The estimated coefficients for MSTAT2 are positive and significant for the number of visits, in line with the fixed-effects models in the previous section, whereas in both the pooled and the random effects panel models these coefficients were negative and significant. Respondents who are mar- All in all we find a strong income-health care visit gradient for the number of visits given that this is positive for DOCT and GP, while the income effect is absent in the 'LOGIT' portion of the model. In SPOUTER visits we find the opposite, the income-health care visit gradient is in the decision to have at least one visit or not. Table 9 shows the log-likelihood, AIC and BIC (respectively, Akaike and Schwarz information criteria) for the estimated models. The information criteria AIC and BIC are used in comparison of non-nested models, where a log-likelihood test cannot be performed. The ZIP FE model outperforms all the alternative models for GP and SPOUTER, whereas the fixed-effects NB should be preferred over the other models for DOCT visits. This results are also in line with Table 3 , where we showed excess zeros for both GP and SPOUTER.
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Conclusions
In this paper we defined and estimated a zero-inflated Poisson model with fixed-effects to identify respondent-and health-related characteristics associated with health care demand using a two-wave panel. This is a new model that is proposed to model count measures of health care utilization and account for the panel structure of the data. The estimation method and syntax developed in this paper can accommodate ZIP models with fixed-effects in both the logistic (already available in Stata) and the truncated Poisson part (for which we have developed the syntax). The computer program for the maximum likelihood estimation in Stata provides a flexible tool for analyzing the health care service count variables. We find that controlling for the portion of respondents that are certain zeros in one of the two years of the two waves does make a difference for counts with a larger number of zeros, where traditional count data models are not able to disentangle the effects.
All in all we find a strong income-health care visit gradient for the "non certain zeros" group for DOCT and GP, while the income effect is absent in the "certain zeros" group. In SPOUTER visits we find the opposite, the income-health care visit gradient is in the "certain zeros" group. In general, -17382 Base categories: single, not employed, eduqual1, male, AT, wave 1. In the pooled and random effect models country dummies are included but not reported. Results are available upon request. In P and NB fixed-effects only time varying regressors can be included. Standard errors in parentheses, adjusted for clustering on 17175 id in the pooled model. *** p<0.01, ** p<0.05, * p<0.1. 
